ABSTRACT A Reference Fingerprinting Map (RFM) is the basis for fingerprinting-based Wifi positioning. The quality of RFM is one of the major factors for positioning accuracy. The RFM constantly changes in many dynamic indoor environments and needs to be updated accordingly. The problem of keeping the RFM up-to-date is referred to as the RFM recalibration problem. The key to the RFM recalibration problem is to annotate the collected fingerprints with coordinate locations. Existing methods can be divided into two categories: (1) adopting external measurements (e.g. user-contributed positions) or external hardwares; (2) only adopting the measurements available from a common commercial off-the-shelf (COTS) smartphone. In this paper, a crowd-sourced RFM recalibration method is proposed adopting particles filters. The proposed method belongs to the second category, which has the advantage of independence from human intervention or additional hardwares. In the proposed method, the fingerprints in the RFM denote on-off values showing the availability of access points (APs) rather than the actual Received Signal Strength (RSS) values. Particle filters (implemented per-user data) are adopted for fusing the information of Pedestrian Dead Reckoning (PDR) and Wifi-based positioning results. The quality of the estimated trajectory can be indicated through the divergence of the particles. The trajectories with large particle divergence are discarded, and otherwise, a particle filter based smoothing technique is adopted to backtrack or re-estimate the trajectories to make them more accurate. Then the re-estimated trajectories can be adopted to recalibrate the existing RFM. From the designed experiments, we show that (1) the proposed method is effective for RFM recalibration; (2) although consumes more running time, the proposed method has better performance than the classical Radio Map Automatic Annotation (RMAA) and the Participatory Indoor Localization System (Piloc) methods.
I. INTRODUCTION
Wifi based indoor positioning has been extensively studied over the recent years due to its many favorable features for real applications. Two notable features are: (1) it relies on widely existing Access Points (APs) and thus free of installing any extra hardwares in site; (2) it can work on many commercial off-the-shelf (COTS) mobile devices thus exemplified of asking users to buy special equipments. Wifi based indoor positioning is often considered as one of the indoor positioning means with greatest potentials for large-scale use.
Normally, in Wifi based indoor positioning, the Received Signal Strength (RSS) at the end users are adopted for positioning. The positioning methods can be roughly categorized
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into model based ones and fingerprinting based ones according to the different ways the RSS are adopted [1] . Model based methods [2] , [3] relies on the path loss model to predict the distances between the user and the APs. Then the positions of the user are solved by trilateration or least square methods. The accuracy of this type of method relies heavily on the path loss model. As the actual path loss models can be quite different in different indoor environments, this type of method often have limited versatility. Moreover, the precondition of the type is to know the positions of the APs, which can hardly be known in a good number of situations and thus again limit the versatility. Fingerprinting based methods [4] - [6] are the preferred ones. In the context, fingerprints denote the vectors of RSSs from different APs at fixed locations. In these methods, a Reference Fingerprints Map (RFM) should be established firstly. The RFM stores VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ a series of Reference Points (RPs), which can be regarded as geometric positions annotated with the corresponding fingerprints. The RFM can be regarded as a Data Base (DB), the user can query for the geometric position adopting the latest collected fingerprint. The establishment of the RFM can be called calibration phase or offline phase. The solving for the current position adopting the RFM can be called positioning phase or online phase. Aside from the two phases, another problem called RFM recalibration emerged in real applications due to the dynamic environments. Many environment changing factors can invalidate fingerprinting based Wifi positioning, such as different densities of people, moving objects, installing of new APs and uninstalling of old ones. These factors can cause the RFM to go completely out of date given sufficient time past. Therefore, it is mandatory to develop a scheme for periodically update for the RFM. Such a scheme is also denoted as RFM recalibration or RFM maintenance.
The key for solving the mentioned RFM recalibration problem is to annotate the recently collected Wifi fingerprints with coordinate locations. Based on how the coordinate locations are estimated, the RFM recalibration methods can be divided into two categories: (1) adopting measurements from user input or additional systems (which needs special attention to deploy); (2) adopting the inherent measurements a COTS smartphone can provide.
For the first category, a straightforward way for acquiring the coordinate positions is by asking the users to contribute their positions. For example, in [7] , the collected Wifi fingerprints and the coordinate positions are provided by the users. Then the information is adopted for maintaining scores for each AP in the RFM. The scores can be adopted for deleting switched off APs and for inserting the newly installed ones in the RFM, thus the size of the RFM can be kept. The authors in [8] propose a Wifi based organic indoor location system based on user contributed positions. This method is able to construct the RFM from scratch. In this system, the uncertainties caused by the density of fingerprints and noises in user contributed positions are both considered. Moreover, a clustering process is added to filter out some erroneous entries. These user-contributed-position based methods can get rid of heavy working load for surveying and thus can be very effective for recalibration. However, it has two disadvantages:
• Indoor maps with sufficient accuracy are needed. The common way for a user to contribute the current positions is by tapping on a point on the indoor map. If the map is coarse, the contributed positions may be so inaccurate to damage the whole RFM. Similarly, the wrong tags in the map can also deteriorate the accuracy.
• They are not robust to untruthful feedbacks, especially malignant feedbacks. Some users may not be very sure of their own positions and can contribute wrong positions. If many people make the same mistake, the error in the RFM cannot be avoided even by clustering. Within this category, some methods propose to incorporate measurements from additional systems or hardwares to estimate the coordinate positions instead of directly asking for user feedbacks. For example, in [9] , the authors developed a platform called NAVIS, which relies on an Unmanned Ground Vehicles (UGV). The platform is able to collect a lot of indoor signals of opportunity, including Wifi RSSs. With the collected sensor data, the method is able to build an indoor map and to quickly update the RFM. In the system, the UGV is in essence an autonomous robot which is able to locate itself with the embedded simultaneous localization and mapping (SLAM) algorithm. The authors in [10] , [11] proposed a crowd-sourced way for building the RFM. Many people equipped with a foot-mounted Inertial Measurement Unit (IMU) walks in the site collecting Wifi RSSs. The IMU is able to provide position updates for the users. Then the graph based SLAM method is adopted to fuse these data for building the RFM. The mentioned methods relies on special equipments, thus having limited application scenarios for RFM recalibration considering the deploying cost and the degree of ubiquitous.
The second category of methods propose to only adopt the inherent sensors on a COTS smartphone. This category of methods is generally better than the first one in terms of degree of ubiquitous, because no human-interventions or special hardwares are needed. As mentioned, the key for the RFM recalibration problem is to accurately estimate the coordinate positions where the Wifi fingerprints are collected. From this perspective, the Wifi positioning problem can be regarded as an subset problem for RFM recalibration. Some methods in this category focus on estimating the coordinate positions more accurately. In [12] , a two-filter scheme is proposed to fuse the information of pedestrian dead reckoning (PDR) results and the Wifi based fingerprinting results. The first filter is to achieve a smoothed search space for Wifi fingerprinting and the second filter is an extended Kalman filter (EKF) for the integration. In [13] , a particle filter is adopted for integration of PDR results, Wifi fingerprinting results and RSSI from bluetooth beacons. As the beacons are already in the environment and do not need to be deployed on purpose, they are not regarded as an additional measurement system. This method can cope with the situation that Wifi fingerprinting results and RSSI from beacons are available at the same time. The authors in [14] proposed a method called MapSentinel to integrate the information from PDR results, map information and Wifi fingerprinting results. In this method, a particle filter is also adopted. The map information is adopted by constraining the particles with different structures in the indoor environment. The mentioned three methods can all increase the positioning accuracy over pure Wifi fingerprinting. However, they focus only on positioning rather than the whole RFM recalibration problem. To the authors' knowledge, there are not many publications which focus on the overall RFM recalibration problem in the second category. Here we list two classical methods of such kind. In [15] , the Participatory Indoor Localization System (Piloc) method based on trajectory clustering is proposed to find similar and regular trajectories where the collected RSSs can be adopted to update the fingerprints in the RFM. Here regular trajectory denotes some trajectory templates, e.g., straight walking and left/right turns with right angles. Therefore, the method is limited for RFM recalibration in restricted areas with only a few available walking paths. Open areas may render it invalid. In [16] , a crowd-sourced method called Radio Map Automatic Annotation (RMAA) based on PDR is proposed. The PDR trajectories are derived from the inertial sensors on the phone. The trajectories can be adopted for estimating the positions of the user. However, this method lacks the strategy for determining the quality of the estimated trajectories and thus not robust enough if wrongly estimated trajectories exist. Figure 1 gives a summary of the pros and cons for the current literature on the RFM recalibration problem. For the two categories of methods, the second category is better than the first one in terms of degree of ubiquitous. However, the second category still have some problems. The methods of [12] - [14] focus only on positioning, and thus not compact enough for RFM recalibration. The methods of [15] , [16] have limitations in implementations and is not robustness enough.
A robust and crowd-sourced RFM recalibration method is proposed in this paper. The method belongs to the second category and is independent from any user-contributed positions or special equipments. In the proposed method, the fingerprints in the RFM denotes the on-off values of AP availability (herein referred as binary-RFM) rather than the actual RSS values (referred as RSS-RFM). The differences between the RSS-RFM and binary-RFM along with how they are related to the device heterogeneity problem will be introduced in the next section. Figure 2 shows the structure of the proposed crowd-sourced RFM recalibration method. The PDR generated trajectories and the RSS fingerprints are collected through the users' mobile devices. A particle filter is adopted for fusing the information of PDR and Wifi based positioning results with an existing initial RFM. The quality of the estimated trajectory can be indicated through the divergence of the particles. The trajectories with large particle divergence is discarded and otherwise a particle filter based smoothing technique is adopted to backtrack or re-estimate the trajectories to make them more accurate. Then the re-estimated trajectories are adopted to recalibrate the existing RFM. An experiment is carried out, which validates that the proposed method can provide a recalibrated RFM with sufficient positioning accuracy. The proposed method is also compared with two classical crowd-sourced based RFM recalibration methods. The results have shown that the proposed method performs better in recalibrating at the cost of more processing time.
The remaining of the paper is as follows: Section 2 is the related works on robust recursive filter, device heterogeneity and PDR. Section 3 describes the proposed method. Section 4 is the experiment and Section 5 is the conclusion.
II. RELATED WORK A. ROBUST RECURSIVE FILTER
In the field of positioning, recursive filters are often adopted due to its ability to be implemented iteratively. However, a simple Kalman filter with linear state space model is not suitable for the task because the positioning model is not linear in practice. To make the filtering more robust, a family of robust Kalman filters are proposed in [17] - [19] . The family of robust filters belongs to a ball. In [20] , [21] , by placing the a bound on a set of τ -divergence family between the actual and the nominal model, the uncertainty balls can be characterized while the Bayes estimator remain robust. [22] extends the robust Kalman filters in [18] to a family of robust Kalman filters parametrized by a the τ -divergence family, with the parameter τ for tuning how conservative the robust filter is.
Particle filtering is a very useful tool for non-Gaussian and non-linear filtering [23] . In some estimation problems, the posterior is too complex to have a simple mathematical form. Monte Carlo (MC) based methods propose to represent the complex posterior with a series of discrete samples called particles in the state space. Combining the MC based representation and the time sequential Bayesian filter generates particle filtering. Particle filtering is normally more robust than linear filters because it can process multimodal posterior or even any type of posterior. A standard and mature type of particle filter is the Sequential Importance Resampling (SIR) filter, where the importance sampling and resampling step is adopted. The importance sampling step is to reweight the particles according to observations. The resampling step is essentially for avoiding the sample degeneracy problem, where the particles are too concentrated in the state space and lacks diversity. The detailed descriptions for the importance sampling and resampling can be found in [23] and [24] respectively. For convenience, we use the notation particle filter instead of SIR filter in the remaining of the paper.
Both the robust Kalman filter and the particle filters can cope with our positioning application, which is the case of fusing Wifi based and PDR based pedestrian tracking. Here we choose the particle filter as the implementation filter in our method. The reasons are threefold. (1) The particle filter is mature and is widely adopted in such context (fusing Wifi and PDR information) in [13] , [14] and so on. (2) The particle filter is more flexible in representing the posterior. Specifically, the posterior can be multimodal. This is very common for positioning, where the position particles can be in several clusters showing multiple position hypothesis. (3) For backtracking or smoothing, the particle filter based smoothing can be easily implemented. This is like a re-estimation process and can increase the state estimation accuracy because more observations are available in smoothing. This can also be denoted as: future observations are adopted for estimation.
In previous works, particle filter based smoothing are adopted for pedestrian tracking. For example, it is adopted in [25] for back track the pedestrian with the constrains of an indoor map. In [26] , it is adopted for multi sensor indoor localization with both a fix-lag and a fix-interval smoother. There are generally two particle filter based smoothing algorithms: the forward-backward smoothing [27] and backward simulation [28] . Both algorithms do not generate new particles in the smoothing process. But they need to keep the particles at every filtering epochs. In the forward-backward smoothing algorithm, the weight of all the particles in early times are re-weighted. In the backward simulation algorithm, only those particles with more significant weight are reweighted, thus the term ''simulation'' comes from. Due to the mentioned reasons, the backward simulation algorithm is less computational intensive than the forward-backward smoothing algorithm. In our case, we adopt the backward simulation algorithm for smoothing.
B. BINARY-RFM AND DEVICE HETEROGENEITY
As mentioned, in the proposed method, the binary-RFM is adopted rather than a RSS-RFM. An advantage for using binary-RFM over RSS-RFM is that the method is less sensitive to the device heterogeneity problem, because the measured RSS values can be quite different among different devices while the differences in AP availability is less significant. The device heterogeneity problem needs extra attention in a crowd-sourced scheme, because the surveying devices (crowd-sourced devices) and the users' devices can be very different.
The problem can be alleviated by using the binary-RFM, and the affects of the different availability of APs due to different device sensitivities is considered not significant. To use the binary RFM, a metric between fingerprints based on the on-off information of APs need to be defined. The Jaccard distance metric is among one of the best distance metrics in methods which adopt the AP availability [29] . It can be written as:
Here we tackle this problem by adopting the modified Jaccard distance in [30] . The modified Jaccard distance can be represented as follows:
where
• F i denotes the observed fingerprint and F j denotes the fingerprints in the grids of RFM;
• the function key(.) returns the set of seen mac addresses of the corresponding fingerprint;
• the ∩ and ∪ operators denote the intersection and union of the sets respectively;
• the |.| operator returns the number of elements in the set. The differences between the modified Jaccard distance and the standard Jaccard distance is on the second term of equation 2. The second term is a modification term which favors the situation: the APs in the fingerprints of the RFM may be more complete than that in the observed fingerprint. The mentioned situation is considered likely to be seen in real scenarios. This means that this term is a relaxation to the original Jaccard distance which allows some APs to be seen in the RFM but not seen in the observed fingerprint. The modified Jaccard distance is also adopted in [30] , which shows better accuracy than the standard Jaccard distance.
Because the binary-RFM is adopted instead of RSS-RFM, some information are lost (the actual RSS values). This certainly can cause some accuracy degeneracy. However, the device heterogeneity problem is thus alleviated. Here we only consider the cases where the densities of APs are large, and the accuracy degeneracy is not significant. In the remaining of the paper, we refer RFM as binary-RFM if not specified.
C. PEDESTRIAN DEAD RECKONING
The PDR algorithm is widely adopted in smartphone based positioning for its easy implementation [31] , [32] . As the IMU are embedded in many mobile devices, the gyroscope readings and the magnetometer readings can be adopted to solve for the orientation of the device, which typically indicates the walking direction of the user holding the phone. The peaks of the accelerometer readings can be detected, which indicates the event when the user takes a new step. The simple form of the PDR algorithm can end up with large errors due to many reasons. The most seen error is the error in heading estimation, which is accumulative over time. Also, the step count detection can sometimes wrongly detect new steps. The user can change the way of holding the device, e.g., from hand held to the pocket. This can lead the PDR algorithm to have a sudden and unknown error in trajectory estimation. The issues of PDR should be taken into account when it is adopted for RFM recalibration. Many of the outliers of the PDR trajectory should be discarded. For the method of adopting the PDR information in a robust way, we refer to the next section.
III. METHOD
A main consideration for the RFM recalibration problem in a crowd-sourced way is to have relatively accurate position estimations where the fingerprints are collected. As shown in Figure 2 , our method propose to fuse the information from the PDR results and Wifi based position estimations using a particle filter. The two types of position information can well compensate for each other's inaccuracies. As mentioned, the PDR based positions estimations have accumulative errors in the long run and is not robust against the pattern of how the users are holding the devices. For the Wifi based position estimations, although the accuracy may deteriorate due to changes in the RFM, the errors are not accumulative. Therefore, the fusion of the two types of information is considered to have great potential for improving the accuracy.
In the particle filter implemented in this paper, the state or the pose of the person at the t th filtering epoch is presented as pose t :
where x t and y t denote the horizontal positions and θ t denotes the heading. In our method, the filtering epochs correspond to the steps estimated from the PDR algorithm. The particles at the t th epochs can be represented as pose 1:N t , where the superscript denotes the index of the particles and N denotes the total number of particles.
The processing flow of the each of the particle filters (from Figure 2 ) is shown in Figure 3 . The particle filters aim to adopt the two types of information: PDR position estimations and Wifi based position estimations. And the output of the particle filter is more accurate position estimations in several consecutive steps, which can be adopted for RFM recalibration. We firstly initialize the particles according to the Wifi based position estimation at the current time. Noises are added manually to the initial pose so that the particles are dispersed enough for representing the prior distribution. Then comes with the three standard steps in particle filtering:
• the particle propagation step. In this step, the pose update estimation (including stride length estimation and heading change estimation) derived from the PDR algorithm is adopted for predicting the next pose in time. Noises are also manually added in the progagation process similar to a typical particle filter.
• the weight update step. The Wifi based position estimations are adopted to weight the predicted particles. The particles with positions consistent to Wifi based positioning have larger weights. This is also the importance sampling process of the particle filter. The two types of information are fused in this step and the reweighed particles are considered samples from the posterior.
• the resampling step. This step is designed to avoid the particle degeneracy problem. After a few filtering epochs without resampling, the weights of the particles will be concentrated on a small subset of particles, caus- ing the samples to degenerate. In this case, the posterior the particles represent will be too peaked and will cause over confident estimations. The resampling process is added to avoid the problem. Normally, the effective sample size [33] is defined as
where the function var(.) denotes the variance and w i t denotes the weight of the i th particle. After the weights are normalized, it can be approximated as
If
the resampling is needed to avoid the particle degeneracy problem. Nothing that here the threshold is a common chosen one in a particle filter. The resampling algorithm adopted here is the systematic resampling in [34] . After resampling, the particles with larger weight are duplicated while those with little weight are discarded. Also, the weights of the particles become equal after resampling. After the three standard steps in a particle filter, we propose to give a quality check for the current pose estimation by clustering the current particles. If the current particles are relatively concentrated indicating the current estimation is accurate (the two types of information is consistent), the estimation is considered with sufficient quality. Then we adopt the mentioned particle filter based smoothing algorithm to back track the previous several steps. In this case, the smoothed segment of trajectory along with the collected fingerprints can be adopted for RFM recalibration. If the quality check indicates that the current estimation is not accurate enough, we check the number of filtering epochs since the last initialization reaches a upper limit. If larger than the upper limit, the two types of information is considered to have large discrepancies due to various reasons, e.g., irregularly holding the device. In this case, we discard the previous estimations and filtering results and initialize the filter again. If the upper limit is not reached, we continue to forward filtering with the mentioned three standard steps.
These mentioned steps in our method can automatically discard the estimations when the two types of information have large discrepancies. In this way, we can avoid the less-quality position estimations to be adopted for RFM recalibration. Therefore, our method can have robust crowd-sourced RFM recalibration in essence. We give detailed descriptions of some steps in the proposed method as follows.
A. PARTICLE INITIALIZATION
To the track the positions of the users, the initial pose particles of the user should be given. Here the particles are initialized according to the estimated position from Wifi based fingerprinting. As Figure 4 shows, the red dot denotes the position estimation from Wifi based fingerprinting, and the blue dots denote the position particles. We assume that the possible position particles are randomly distributed within a circled area with a diameter D < 10 m. For each of the position particles, the heading is assumed to be uniformly distributed as shown in Figure 4 . Here we assume there are 100 position particles, and each of them have 10 different headings. The total number of particles is N = 100 × 10 = 1000. Noting that the initialized pose particles are just a representation of the prior distribution of the user's prior pose given the position estimation based on Wifi fingerprinting. There is still some possibility that none of the initialized pose particles are anywhere near the actual pose. In this case, the filtering can be divergent and the filtering results can be discarded later in our implementation. The initialized particles can be denoted as pose 1:N 0 .
B. PARTICLE PROPAGATION
The particle propagation process is essentially to predict the particles in the next step given the pose update estimation from the PDR algorithm as shown in Figure 5 . The PDR algorithm can provide a stride length estimation L t and a heading change estimation θ t . If no noise existing in the PDR based pose updates, then for each of the particles, we have (the particle index is ignored):
Nevertheless, there are indeed large noise in PDR based pose updates. In this case, a proposal distribution is assumed for the stride length L t and heading change θ t . In our case, we assume the proposal distribution is Gaussian, which is a common assumption in many PDR based approaches such as [25] . Then we can have some stride length and heading change samples from the Gaussian distributions:
where N (.) denotes the Gaussian distribution, σ 2
L t
and σ 2 θ t denote the noise variance of the stride length and heading change respectively. Then substitute the sampled L i t and θ i t for L t and θ t in 7, we have:
If no additional information was available, the poses will be more and more diverse with time. The reason is that the noises of PDR pose updates are introduced in the prediction process. In our case, we have additional information of position estimation from Wifi fingerprinting, which can be fused in the weight update step.
C. WEIGHT UPDATE
The position estimation from Wifi fingerprinting can help to improve the convergence of the particle filter. Although it is possible that the position estimation from Wifi fingerprinting may not be very accurate due to the changes in the RFM. However, we consider the changes are not too significant to render Wifi fingerprinting unable to work at all. The Wifi fingerprinting based estimations can serve as observations in the particle filter because the error of prediction process accumulates quickly with time due to the PDR algorithm. Figure 6 is an illustration of how the Wifi fingerprinting position estimation can weigh the particles. In our case, we firstly calculate the distance between the position estimation from Wifi fingerprinting and the particle positions (the time indexes are ignored here):
Then the weight of particle i is:
The underlying assumption is that the particles are weighted according to a Gaussian distribution on distance (with mean 0 and variance σ Wifi 2 ), and then it is multiplied by its weight from the previous epoch. In the context of fusing PDR and Wifi results, this assumption is widely adopted, such as in [13] and [14] . VOLUME 7, 2019 FIGURE 6. Particle weight update. The values for the position particles' diameters illustrate how the weight should change (the larger the diameter is, the larger the weight should be).
An important issue for designing the particle filter is to determine the parameters, which can determine the performance of the filter. However, to estimate the parameters for each device is expensive and not applicable, because these parameters can change across devices and even across different trials. In our implementation, we estimate the parameters from experimental data. We can collect the PDR based results and the ground truth positions (by pinpointing on the map) and get statistics from the step length error, heading error and Wifi based positioning error. Then we can solve for the parameter, σ L t , σ θ t , and σ 2 Wifi , which are 0.3 m 2 , 0.2 rad 2 and 8.6 m 2 respectively from the experimental data. Although this is not the most rigorous solution, we consider such problems is universal over a lot of filter based and crowd-sourced methods. The parameters acquired from experimental data is thus viable. This is also the case in many filter based methods. In this paper, the effects for the different parameter values will be shown in the experiment section.
D. QUALITY CHECK
The particle filter gives an estimation of the posterior at each epoch. The quality check in the proposed method under the particle filter framework is similar to deciding whether a Kalman filter is good according to the norm of the covariance matrix. However, the implementation herein under a particle filter is a bit different. As the posterior can be represented by discrete particles or samples and can have any shape in theory, the quality check herein is implemented in a two-stage process. At first, the particles are clustered to check whether the main cluster has a sufficient number of particles. If the first-stage check is passed, the second-stage begins with calculating the Variance-Covariance Matrix (VCM) for the main cluster of position particles. The quality check is done according to the value of VCM. Figure 7 shows the steps of the mentioned quality check based on a particle filter. The detailed steps is as follows:
• The position particles are firstly clustered using the DBSCAN algorithm [35] . The algorithm views clusters as areas of high density separated by areas of low density. Assuming the partitioned clusters can be denoted as C 1 , C 2 , . . . and the number of particles lie in the clusters are N c1 , N c2 , . . . respectively. • Find the largest number N max of particles a cluster C N max have. If
we consider the particle number in the main cluster is too little and the estimation quality in this epoch is insufficient. Noting that here the parameter α is a percentage threshold (60% in our case). Otherwise, we go on for the next check. The effects of the different values of α will be further discussed in the experiment section.
• Calculate the Variance-Covariance Matrix (VCM) of for the position particles in the main cluster according to:
where the M denotes the VCM.x andȳ denote the mean value for the x-axis and y-axis of position particles in the main cluster. Then find the main component of M and project the position particles to the main component like the standard Principal Component Analysis (PCA). The details of PCA can be found in [36] and is not reviewed here. A variance V C Nmax can be acquired for position particles C N max projected on the main component. This variance is considered as an indication of the extent of divergence in the respective cluster of position particles. If
the position particles are considered to have sufficient quality. V thres is a pre-defined threshold for the particle variance. Otherwise, we still consider the quality of the current estimation is insufficient and continue next step in Figure 3 .
E. PARTICLE FILTER BASED SMOOTHING
As mentioned in section II-A, we adopt the backward simulation algorithm for smoothing. The purpose of smoothing is to back track the particles in time to make the previous position estimations more accurate. The backward simulation algorithm is shown in Algorithm 1. Noting that in the algorithm, the choice of a particle (e.g.pose T ) does not have to be all the existing particles. This means that there is no need to iterate over line 1 to line 8 for N times. In our case, we only choose the position particles which are in the main cluster C N max , and iterate over line 1 to line 8 for N max times. After smoothing, the weighted mean of the particles
Algorithm 1 Backward Simulation
Required: weighted particles from forward filtering are considered as a relatively accurate trajectory estimation (re-estimated trajectory) for the user. The Wifi fingerprints collected along the trajectory can then be adopted in the RFM recalibration process.
F. RFM RECALIBRATION
The smoothed trajectory and the collected fingerprint can be adopted for RFM recalibration. In our case, we assume the initial RFM is known in advance. The RFM are in a form of grids with size 0.5 m × 0.5 m in our case. As mentioned in section II-B, we only need the mac addresses keys(F k ) for the fingerprint in the k th grid. When the re-estimated trajectory is acquired, we firstly interpolate the positions according to the time the fingerprints are collected and find the corresponding grid k. The crowd-sourced collected fingerprint can then be represented as F cs k . Then we update the mac addresses in the RFM in a queue-like structure shown in Figure 8 . The newly collected fingerprint F cs k is added to the top of the queue and the current fingerprint keys keys(F current k ) in the grid is updated as:
In our case, we always adopt the current RFM for providing positioning services and the mentioned particle filter based RFM recalibration. To avoid the queue to grow unbound, if the queue reaches its maximum length, we discard the fingerprint collected most remote in time. In this way, the newly collected fingerprints can gradually substitute the old ones and keep the RFM up-to-date.
IV. EXPERIMENT A. EXPERIMENTAL SETTINGS
The experiment is carried out in an office area. As shown in Figure 9 , 30 APs are deployed in the area. Here we did not precisely measure the positions of the APs, and the positions shown in Figure 9 is just an illustration that the deployed APs are roughly even. An Android application is designed to collect Wifi fingerprints. The application has mainly three functions:
• Collecting the Wifi fingerprints. The collected Wifi fingerprints are stored as file. Each fingerprints are associated with the system time.
• Collecting the PDR based pose updates. The PDR algorithm can run on the phone in real time and the pose updates with the associated system time are stored as file for later processing.
• The application can show the floorplan of the office area. The person with the phone can pinpoint on the map to determine the starting position and the ending position. The timestamps and the coordinates are stored as file. In our implementation, the third function provides a way for establishing the initial RFM. Here the RFM include both versions: binary-RFM and RSS-RFM for method comparisons later on. Noting that a binary-RFM can be established from the RSS-RFM through simple on-off AP modulation. Assuming the person is moving at a fixed speed, the coordinate positions are interpolated according to the timestamps when the fingerprints are collected. Each position and fingerprint are assigned to the grid based RFM. Each grid has a size of 0.5m × 0.5m. We also adopt the same way for determining the ground truth positions of the person in both training data and test data. We have four persons walking in the area collecting data. Each of the person carries a different type of mobile device. The four adopted devices are Huawei Mate 9, Xiaomi mix2, Nexus 6P and Samsung S9. The persons walk in the area for about 30 minutes. To simulate the real situation, the first one third of data (in time) is adopted for constructing the initial RFM. The second one third of data is adopted for recalibration of the RFM. The third one third of data is adopted as test data. In our experiment, three different types of RFM are related. They are:
• Initial RFM. It is constructed from the first one third of collected data in time adopting the mentioned pinpoint-interpolate scheme.
• Recalibrated RFM. It is constructed adopting the proposed method in this paper using the second batch of data and the initial RFM.
• Ground truth RFM. It is constructed from the second one third of collected data adopting the mentioned pinpoint-interpolate scheme. The relationship of the three batches of data in time the related RFM is shown in Figure 10 . Noting that we manually change the available APs in the Wifi fingerprints at the beginning of the second batch of data to simulate the situation of the dynamic environments. The same changes in APs is also implemented at the third batch of data (as test data).
Each batch contains data collected from 4 persons carrying different devices respectively during the 10 minute walk. The number of Wifi fingerprints collected is 1153, 1280 and 1195 respectively in the three batches. The total number of steps collected is approximately 9,500 steps. As mentioned before, to acquire the ground truth of each step, the users are asked to continuously pinpoint on the map to record the ground truth positions of the starting and ending point. Then the ground truth positions are calculated through interpolation. As shown in Figure 11 , the red crosses denote the points recorded by users pinpointing on the map, and the green path denotes the interpolated ground truth positions. In our experiment, there are only four persons walking in the environment. To simulate the real world crowd-sourced situation, where many trajectories or users are available, we randomly break up the collected long trajectories into small ones. After this processing, the average length of the trajectories is about 20 steps.
As the accuracy of the different types of RFMs cannot be directly compared, we show their accuracy comparisons by positioning adopting the commonly seen baseline method: the kNN method. Better positioning accuracy denotes better RFM quality.
B. EFFECTIVENESS TEST UNDER DIFFERENT SCENARIOS
To show that the proposed method can effectively recalibrate the RFM, three typical situations are tested: adding APs, removing APs and adding-and-removing APs. Although the mentioned three situations cannot cover the whole environment changing factors invalidating the RFM, a considerable portion of the factors can be regarded as equivalent to the three situations.
1) REMOVING OF EXISTING APs
As mentioned, the initial RFM has 30 APs. We randomly remove the RSS measurements from 10 of the APs at the second batch of data. Figure 12 shows the error Cumulative Density Function (CDF) comparisons of the three mentioned RFM. We can see that the proposed RFM recalibration can cope with the situation when APs disappear. Compared with the positioning error without recalibration, the recalibrated RFM has an increase of about 12% in error less than 5 m. Also, the recalibrated RFM show almost the same accuracy with the ground truth RFM. 
2) ADDING NEW APs
We assume that the initial RFM has 20 APs and 10 APs are added during the second data batch. Here the partition of the 20 APs and the 10 APs are also random. From Figure 13 , we can also see that the recalibrated RFM is better than without recalibration, with approximately 13% increase at 5 m, and is slightly worse than the ground truth RFM, with about 5% drop at 5 m.
3) BOTH ADDING OF NEW APs AND REMOVING OF EXISTING APs
Assuming the initial RFM has 25 APs, 5 of these APs are removed and the left 5 APs are added in the second data patch. The partition of these APs are also random. The CDFs in Figure 14 have validated the proposed RFM recalibration method. Specifically, a 10% increase at 5 m happens between the recalibrated and unrecalibrated RFM. A slight decrease of about 4% at 5 m happens between the recalibrated RFM and the ground truth RFM. Table 1 , 2 and 3 shows the mean, median, 75% and Root Mean Square (RMS) error comparisons between the above mentioned three situations adopting the three types of RFMs respectively. In all the three situations, the positioning errors adopting the proposed recalibration method are significantly smaller than adopting the RFM without recalibration. Also, with the proposed recalibration method, the positioning errors is comparable to the errors adopting the ground truth RFMs. The slight accuracy decrease is acceptable considering the effort saved by surveying for the RFM all over again. In the actual positioning system, the RFM can be constantly recalibrated if users are using the Wifi positioning service and are willing to contribute their data. This can relief the users from pinpointing on the map and can avoid malicious position contributions.
C. COMPARISONS WITH OTHER METHODS
Comparisons with two classical RFM recalibration methods are made, which are both in the crowd-sourced scheme. As mentioned before, the two methods are can be called the RMAA method and the Piloc method respectively. These two methods adopts the RSS-RFM instead of binary-RFM in our method. Table 4 shows the average error comparisons of the proposed method in the three situations using the recalibrated RFM. We can see that our method performs better than RMAA and Piloc. Specifically, the average positioning error of the proposed method is about 1.7 m less than RMAA and 0.8 m less than Piloc in the adding-and-removing APs situation.
Compared with the RMAA method, our method has chosen the binary-RFM over RSS-RFM. This can alleviate the device heterogeneity problem, which is both encountered in our experimental settings and general crowd-sourced RFM recalibration. In addition, our have added a strategy for estimating the quality of the trajectories, such that some wrongly estimated trajectories can be discarded. The RMAA method adopts all the available trajectories to update the RFM and can cause some of the fingerprints to be falsely annotated. The Piloc method try to update the RFM by clustering the template based trajectories and the trajectories not belonging to a cluster are discarded. However, in our implementation, some non-standard trajectories exist, which can affect the accuracy of clustering and can deteriorate the positioning accuracy using the recalibrated RFM. As the proposed method do not rely on template trajectories, it is capable of dealing with non-standard trajectories.
The processing time for the three methods are also compared. They all run on the same computer using Matlab for RFM recalibration. The processing time for recalibration is shown in Table 5 . Noting that here we only show the processing time for generating the recalibrated RFM adopting the old RFM and the crowd-sourced trajectories under the adding-and-removing APs situation. As can be seen, that the processing time of the proposed method is larger than RMAA and Piloc. This is because that our method have designed a sophisticated strategy for selecting trajectories with sufficient estimation quality. However, as the RFM recalibration algorithms can be run on backstage servers, immediate responses are actually not necessary.
D. EFFECTS OF DIFFERENT PARAMETER VALUES
Experiments are carried out to show the effects of different particle filter parameters on the mean positioning error. The avalanche errors can be obviously seen from Figure 15 . Here the three error curves are acquired by only varying one of the parameters and keeping the left two parameters the same as mentioned before. The error curves of the three parameters share some features. The error margins when the parameters grow larger are almost the same because the particles are so dispersed causing no trajectories can pass the quality check. In this case, the errors degenerate to the mean positioning errors without recalibration. On the other hand, when the parameters become smaller, the error margins are larger than the mean errors without recalibration. The reason is that with smaller parameters, the particles become more condensed, and the trajectories can pass the quality check much easier. In this case, some falsely estimated trajectories may be adopted to recalibrate the RFM and causing larger positioning errors.
The affect of different values of parameter α on the positioning errors is shown in Figure 16 . The mean positioning error is at its lowest level around α = 60%. The mean error grows larger when α approximates to 1. When α = 1, no trajectories will pass the quality check, and the mean positioning error is the same as the mean positioning error without recalibration. When α approximates to 0, some wrongly estimated trajectories can be adopted to recalibrate the RFM and the error grows larger.
V. CONCLUSION
The RFM for Wifi based positioning should be updated constantly in real-scenario applications to retain the positioning accuracy. The problem of updating the RFM is referred to as the RFM recalibration problem. The key for solving the RFM recalibration problem is to annotate the recently collected Wifi fingerprints with coordinate locations. In the proposed method, the binary-RFM is adopted instead of RSS-RFM to alleviate the device heterogeneity problem. A particle filter is adopted for estimating the positions of each user. The proposed method has the advantages of independence from human intervention or additional hardwares. The distribution of the particles is considered as an indication of the estimation quality. Only the position estimations (along with the fingerprints) with sufficient quality is added to the grid based and queue like RFM. An experiment is designed to validate the proposed method in three situations: removing APs, adding APs, removing and adding APs at the same time. In all the three situations, the recalibrated RFMs (from our method) show significantly less positioning errors than the RFM without recalibration. These results have demonstrated that the proposed method is effective in recalibrating the RFM.
Another experiment is carried out for comparisons with two classical crowd-sourced methods: the RMAA method and the Piloc method, which adopt the RSS-RFM. The results have shown that the mean positioning error adopting the recalibrated RFM from our method is less than that from RMAA and Piloc. This can be explained by the fact that the device heterogeneity problem is more significant in RSS-RFM based methods like RMAA and Piloc. In addition, the proposed method have overcome the respective limitations of the RMAA method and the Piloc method in annotating the respective fingerprints with positions. For the RMAA method, our method can better avoid falsely estimated trajectories. For the Piloc method, our method is capable of dealing with non-standard trajectories. The performance improvement is made at the cost of more complexity in implementation and more processing time. However, our method is still meaningful considering the facts that RFM recalibration methods can run on backstage servers and immediate responses are not necessary.
VI. DISCUSSION
In our work, we have shown that the proposed method is effective in RFM recalibration and is superior in accuracy over some classical RFM recalibration methods. However, there are still some aspects not thoroughly studied. These aspects will be our future work and we list them as follows.
In our method, the particle filter is adopted for robust filtering, and fusing of PDR information and Wifi based positioning information. However, there also exists also a family of robust Kalman filters which can do the same task and can converge. In this paper, only the performance of adopting the particle filter is studied in detail. Comparisons between the particle filter based implementation and other robust Kalman filter based implementations will be carried out in the future.
There are actually many environment changing factors which can invalidate the existing RFM. Currently, only the factor of installing/removing APs under the experiment scene are tested. The results have shown that the method can cope with the mentioned factor. Technically, other factors, including different densities of people and moving object should be studied. The mentioned factors will be studied in our future work.
